Accurate population size estimates are important information for sustainable wildlife management. The Romanian Carpathians harbor the largest brown bear (Ursus arctos) population in Europe, yet current management relies on estimates of density that lack statistical oversight and ignore uncertainty deriving from track surveys. In this study, we investigate an alternative approach to estimate brown bear density using sign surveys along transects within a novel integration of occupancy models and home range methods. We performed repeated surveys along 2-km segments of forest roads during three distinct seasons: spring 2011, fall-winter 2011, and spring 2012, within three game management units and a Natura 2000 site. We estimated bears abundances along transects using the number of unique tracks observed per survey occasion via N-mixture hierarchical models, which account for imperfect detection. To obtain brown bear densities, we combined these abundances with the effective sampling area of the transects, that is, estimated as a function of the median (± bootstrapped SE) of the core home range (5.58 ± 1.08 km 2 ) based on telemetry data from 17 bears tracked for 1-month periods overlapping our surveys windows. Our analyses yielded average brown bear densities (and 95% confidence intervals) for the three seasons of: 11.5 (7.8-15.3), 11.3 (7.4-15.2), and 12.4 (8.6-16.3) individuals/100 km 2 . Across game management units, mean densities ranged between 7.5 and 14.8 individuals/100 km 2 . Our method incorporates multiple sources of uncertainty (e.g., effective sampling area, imperfect detection) to estimate brown bear density, but the inference fundamentally relies on unmarked individuals only. While useful as a temporary approach to monitor brown bears, we urge implementing DNA capture-recapture methods regionally to inform brown bear management and recommend increasing resources for GPS collars to improve estimates of effective sampling area.
| INTRODUCTION
Reliable population size and density estimates are important information for management or conservation actions aimed at ensuring the long-term viability of wildlife populations (Ryman, Baccus, Reuterwall, & Smith, 1981) . More specifically, large carnivores are generally cryptic animals often nocturnal and living in dense habitats (Linnell et al., 1998) that have large home ranges and tend to occur at low population densities. For these reasons, it is challenging to accurately estimate population size (Balme, Hunter, & Slotow, 2009; Ripple et al., 2014) .
Moreover, monitoring large carnivores to evaluate population size and trends often requires significant financial resources, which may be unavailable in certain regions, combined with large voluntary involvement (Dickman, Macdonald, & Macdonald, 2011; Kindberg, Ericsson, & Swenson, 2009) , as well as access to state-of-the-art technology, such as DNA-based methods (DeYoung & Honeycutt, 2010) .
Because large carnivores have been at the core of both intense management (e.g., through regulated hunting) and conservation initiatives (e.g., population recovery) for decades, a wide range of monitoring methodologies have been developed and implemented worldwide.
Currently, the most reliable methods for estimating population size in carnivore populations are based on noninvasive genetic sampling (e.g., scat, hair, urine, saliva), in which individual detection histories can be used in a spatial capture-recapture framework (Borchers & Efford, 2008; Royle & Young, 2008) . Camera trapping can also provide reliable inferences on population size for animals that can be uniquely identified (e.g., have unique patterns), especially when combined with DNA methods (e.g., Gopalaswamy et al., 2012; Royle, Nichols, Karanth, & Gopalaswamy, 2009 ). However, when animals cannot be uniquely identified, or when resources needed to perform genetic analyses are not available, low cost methods based on track and sign surveys are still largely used for monitoring carnivore populations (Lyra-Jorge, Ciocheti, Pivello, & Meirelles, 2008; Wilson & Delahay, 2001) . With adequate effort and application of statistical methods, track and sign methods can be effective for monitoring population changes in some large carnivore species (e.g., Eurasian lynx; Linnell et al., 2007) .
However, without statistical oversight, such methods may fail to detect population changes or may provide misleading estimates, thus hindering effective conservation and management of large carnivore populations (Popescu, Artelle, Pop, Manolache, & Rozylowicz, 2016) .
The brown bear (Ursus arctos) is the largest carnivore species in
Europe, and the populations have rebounded in the past decades in the European Union (Chapron et al., 2014) , due to sustained conservation and management efforts. Brown bears are a species of conservation concern in Europe (listed in Annex IV of the Habitats Directive); EU member countries must ensure a Favorable Conservation Status within national boundaries, which requires reliable knowledge on population size and density (Trouwborst, Boitani, & Linnell, 2017) . Brown bear densities have been estimated in many European countries using modern DNA-based capture-recapture techniques, for example, Sweden (Bellemain, Swenson, Tallmon, Brunberg, & Taberlet, 2005; Kindberg et al., 2011) , Slovenia (Jerina, Jonozovič, Krofel, & Skrbinšek, 2013) , and Greece (Karamanlidis, de Gabriel Hernando, Krambokoukis, & Gimenez, 2015) . Although Eastern European countries (including Russia; Bragina et al., 2015) have large carnivore populations distributed across broad geographic regions, they lack financial resources for monitoring. Thus, these countries are lagging behind in terms of implementing noninvasive genetic methods. Romania is one such country and is reported to harbor the largest brown bear population in Europe (outside European Russia; Rozylowicz, Popescu, Pătroescu, & Chişamera, 2011; Salvatori et al., 2002) . Brown bear population monitoring in Romania relies on a mixture of track surveys and sightings at feeding stations by local wildlife managers; these data are pooled together by the national wildlife authorities yearly to estimate the total number of brown bears at county level (Cazacu et al., 2014) . However, these monitoring methods ignore uncertainty, which compounded with the lack of statistical oversight, may yield unrealistically high population estimates (Popescu et al., 2016) . Moreover, unsustainable quotas can trigger local declines of populations if they are implemented for long periods of time (Artelle et al., 2013; Packer et al., 2011) .
To meet deficiencies in large carnivore monitoring in Romania, a consortium of state agencies and environmental NGO's implemented project LIFE08NAT/RO/000500-LIFEURSUS "Best practices and demonstrative actions for the conservation of Ursus arctos populations in Central-Eastern Carpathians" (2010 , financed by the LIFE program, the EU's financial instrument supporting environmental, nature conservation, and climate action (http://ec.europa.eu/environment/ life/). The project targeted the improvement of brown bear management and monitoring techniques applied in Romania. Specifically, the goal of this study was to build on current monitoring methods for game species implemented by the Romanian wildlife authorities and evaluate an alternative approach to estimate brown bear density at the level of game management unit, which integrates repeated track surveys and home range methods. Integrating different data types is an increasingly common practice in wildlife studies, as it leads to improved inferences on animal populations (e.g., Besbeas, Freeman, Morgan, & Catchpole, 2002; Furnas, Landers, Callas, & Matthews, 2017; Gopalaswamy et al., 2012; Ivan, White, & Shenk, 2013; Sollmann et al., 2013) . In this study, we used repeated track counts to estimate abundances (at transect level) and independent home range information based on GPS telemetry data to calculate brown bear densities. We combined uncertainties from these two sources of information using the Delta method (Link & Nichols, 1994) . The specific objectives of the study were as follows:
(1) to quantify brown bear density at the level of game management unit by integrating sign data and independently gathered home range data, and (2) to identify the best predictors for brown bear abundance and detection probability from repeated sign surveys for two distinct survey periods (pre-and posthibernation).
| MATERIALS AND METHODS

| Study area
The study area, located in the South of the Romanian Eastern 
| Track surveys
The study area was first divided in 3 × 3 km grid cells, and within each grid cell, we selected a 2-km section of forest/logging road, which served as the surveys transect for bear tracks (Figure 1 ). The extent of both cells and transects was selected based on existing information on brown bear movement ecology in the study area from an independent dataset (from previous large carnivore LIFE Nature projects implemented in Eastern Carpathians; www.carnivoremari.ro).
Specifically, VHF and GPS telemetry data indicated that, in our study region, the average daily distance traveled by brown bears during the pre-and posthibernation period was 1.5 km (www.carnivoremari. We collected four types of biometric data on all brown bear tracks detected: width and length of anterior and posterior foot track.
Surveys were mostly performed after fresh snowfall to ensure that only fresh tracks were counted, and that track measurements were not impacted by snowmelt. The data collection on transects within each GMU was performed in a 36-hr interval in order to reduce the chance of double counting the same animal on different transects. To minimize the likelihood that we counted the same animal multiple times on a given transect and survey period, we discarded all tracks older than 24-48 hr, as well as all 24-to 48-hr-old tracks without precise measurements. Additionally, we observed other track characteristics, such as movement direction and track configuration (based on topography or habitat structure), and discounted any possible "double counting"
tracks as a first filter (i.e., tracks of similar size that repeatedly occur, e.g., in one direction on the same valley). Finally, to convert track measurements to unique number of individuals, we eliminated the tracks with differences between measurements <2-3 cm identified on a given transect at a given survey time. For example, if three tracks or
The study area is comprised of three game management units (GMU) and one Natura 2000 Site of Community Importance (SCI Dealurile Tarnavei MiciBiches) in the Romanian Carpathians. The Site of Community Importance partly overlaps on five game management units that were surveyed only in the last season (Mar-Apr 2012). The four sites were divided in 3 × 3 km grid cells, within each grid cell we identified a 2-km section of forest road, which served as the survey transect for bear tracks sets of tracks were identified on a given transect during one survey and their lengths were front length 1 = 24 cm, front length 2 = 22 cm, front length 3 = 25 cm, similar differences for the rest of the measurements, we assumed that they belonged to the same individual, and therefore, the estimate for the given transect for that survey was 1 individual (e.g., see Appendix S1). Fresh tracks with differences in measurements >4-5 cm were assumed to belong to different individuals.
The resulting dataset thus estimated a minimum number of individuals that intersected each transect during each survey, avoiding "double counting" of the same bear on a particular transect (see Table 1 for the frequency of successful detection of tracks on transects, and Appendix S2 for the final dataset used in the analysis).
| Statistical analyses
| Abundance modeling
We created a history of the track data representing a minimum num- thus, our sampling likely met the assumption that detections of different individuals were independent. Assuming independence among detections based on both the species ecology and the sampling design, we used the N-mixture method for count data (Royle, 2004) , which relies on the robust design proposed by Pollock (1982) and Kendall, Nichols, and Hines (1997) . This method accounts for imperfect detection when estimating abundance per sampling unit by integrating two processes: a state process (animal abundance per transect) and an observation process conditional upon the state of the site. Specifically, due to low track counts per occasion, the state process can be modeled as a Poisson process:
where λ i is the expected abundance at site i.
The observation process conditional on the abundance is:
where y ij is the number of distinct individuals counted at location i at time t, N i is the number of individuals available for sampling at site i, and p is the probability of detecting an individual at location i during survey visit t.
We ran separate sets of models for each sampling season. We modeled imperfect detection using survey-specific covariates: snow Copenhagen, Denmark). Covariates were included into the N-mixture models through log (site-specific covariates for the state process) and logit (survey-specific covariates for the observation process) functions.
We first ran models to identify the best covariates predicting detection for each season separately, using a global model and 11
combinations of detection covariates that were determined a priori (Appendix S3). After identifying the best detection covariates for each season, we ran 16 models (including the Null model) selected a priori for estimating abundance of tracks per transect (Appendix S3). We used AICc (Akaike Information Criterion) to rank the models and performed model averaging to estimate abundance per transect from the full set of models and to identify the best predictors for brown bear abundance (Burnham & Anderson, 2002) . We ran the models in program R 3.2.3 (R Core Team, 2015) using function pcount in package unmarked (Fiske & Chandler, 2011) , which fits the N-mixture occupancy (Royle, 2004) . We summarized the model-averaged abundance estimates into mean number of bears per transect (and 95% confidence intervals) for each season and GMU.
| Brown bear density
One of the challenges for quantifying animal abundance from sign surveys is that the effective sampling area is often unknown. We accounted for uncertainty in brown bear movement during the sampling windows by combining our abundance results with auxiliary information on home range size to estimate density within the study area.
We used GPS telemetry data from 17 bears (six females and 11 males) collected within several studies across the Eastern Romanian
Carpathians between 2004 and 2015 and extracted telemetry locations recorded during seasons corresponding to our surveys: 15 November-15
December and 20 March-30 April. We used the telemetry data to build home ranges for each animal using fixed kernel density method implemented in adehabitat package for R program (Calenge, 2006) . We used individual home range, we extracted the core (50% isopleth) to be used in subsequent analyses, as the probability of detection is proportional to the frequency of space use at any location within the home range (i.e., the utilization distribution; Popescu, de Valpine, & Sweitzer, 2014) ; thus, movements within the core home range are more likely to be captured by transect surveys compared to sparser movements at the home range periphery. We used individuals which had minimum 30 fixes (Seaman et al., 1999) within the two-one-month sampling periods.
To calculate brown bear densities, we first calculated radii of circles equal in area to the median of the core home range size. We decided to use the median instead of the mean to minimize the influence of outliers as the distribution of home range areas was strongly right skewed. To get an estimate of standard error as well as upper and lower 95% confidence intervals, we used a bootstrap procedure extracting 10,000 random samples with replacement such that the size of each resample was equal to the original sample. We used these radii to build buffers around the 2-km transects, resulting in a range of effective areas sampled during our surveys (denominator in equation 3).
We then divided the model-averaged predictions of abundance per transect derived from track data by the median of the effective area based on home ranges to get an estimate of density (equation 3). This approach was suggested to be the basis for density calculations in case of mammals (Dice, 1938) . We calculated the variance around the density estimate by combining uncertainty in both abundance per transect and effective sampled area estimates using the Delta method (Link & Nichols, 1994; Powell, 2007) (Appendix S3).
where d = density (individuals/100 km 2 ); abund = model-averaged abundance per transect, hr is the median of the 50% isopleth home range area, and t.length is the transect length.
This procedure allows one to approximate the sampling variance of a derived parameter (i.e., density) constructed as a function of other parameters that already have defined variance (i.e., abundance, home range size). A complete R script used to estimate densities is available in Appendix S3, and a flowchart summarizing the steps of our modeling approach is available in Figure 2 . 
| RESULTS
| Track surveys
| Home range estimates
Median (±bootstrapped SE) of the core home range areas that we used in the density calculations was 5.58 ± 1.08 km 2 (estimated for 17 bears across November-December and March-April). The bootstrapped lower and upper 95% confidence interval bounds used for density calculations were 2.7 and 7.3 km 2 (Appendix S4). In general, the home range estimates showed high variability between individual bears, independent on the number of fixes used (e.g., the smallest territory size of 0.23 km 2 from 692 telemetry fixes while largest territory size of 61.85 km 2 from 626 telemetry fixes; Appendix S4).
| Brown bear density
The estimated average abundance of individuals per transect based on track measurements was consistent across the three seasons (i.e.,
1.264 ± 0.094, 1.235 ± 0.117, and 1.363 ± 0.069 individuals per transect) and varied across sites ( 
| Predictors for detection and abundance per transect
| DISCUSSION
Our study provides an alternative noninvasive method for estimating brown bear density at the scale of game management units in the Romanian Carpathians. By combining analyses of track sign to estimate abundance per transect and home range information to estimate the effective area of transects, our study demonstrates a more accurate way to estimate density that includes confidence intervals reflecting uncertainty from both data sources. Our method for estimating density during the pre-and posthibernation periods yielded relatively constant values across the three sampling seasons, despite variation across the four sites sampled within each season (Table 3) . Because brown bear populations do not vary widely within the several-month interval between sampling periods, this finding indicates that our approach is robust, and that monitoring during pre-and posthibernation seasons is likely to yield similar results. As such, this approach has the potential to be implemented at broad spatial scales with relatively low effort to produce T A B L E 3 Brown bear densities in individuals per 100 km 2 , and 95% confidence intervals (in parentheses) estimated from occupancy-based model-averaged abundances per transect, and 50% kernel home range information from telemetry data on 17 bears in Romanian Carpathians. To represent the effective sampling area, we used the median of the 50% kernel home range estimated for the periods of the track sign surveys (November-December and April-May) brown bear density estimates that can be fine-tuned at regular intervals using more robust (yet, logistically and financially intensive) methods such as genetic sampling. The novelty of our method consists in integrating common space use data (home range estimates) from independent datasets with survey data gathered at specific locations (transects).
Using telemetry data specific to our 1-month survey windows, gathered in the same general study area, we determined a biologically meaningful range of effective sampling area sizes (quantity often unknown in many wildlife studies) and used it to calculate densities based on track signs of unmarked individuals gathered on transects. As space use data becomes more readily available for many species, this general approach for estimating population density can be applied to other types of wildlife data, such as camera trap data (e.g., Furnas et al., 2017 ).
While our approach integrated different types of data for better inference, the densities estimated in our study are likely to provide an incomplete picture of the brown bear population in the area. While track surveys are effective in detecting the adult populations of large carnivores when the snow cover is still present (Linnell et al., 2007) Europe, data from the other European populations suggests that it can be highly variable (Palomero et al., 2007) . For example, Solberg, Bellemain, Drageset, Taberlet, and Swenson (2006) found that in Sweden, the proportion of females with yearlings or cubs of the year was 12.1% of the total population in 1 year and 42.0% in the second year of the study.
The confidence intervals for brown bear densities in our study area (be- 
| Predictors of abundance
Overall, the variables used to model abundance per transect using track signs and N-mixture models (Royle, 2004) had low explanatory power (Appendix S5; Figures 3 and 4) . This was expected as the covariates used for modeling abundance across the study sites had low variability (e.g., percent cover of various forest types is rather constant within a 1-km buffer around transects extracted from the 2006
Corine Land Cover dataset, with the exception of the last season, when mixed landscape of Tarnave SCI was included in the model).
The abundance per transect was best predicted by percent conifer cover within a 1-km buffer around transects in Season 1 (MarchApril 2011), suggesting a slight increase in abundance with increasing coniferous cover. In Season 2 (November-December 2011), bears abundance was negatively related to percent deciduous forest and positively related to mixed forest cover, but also by altitude. These relations are likely explained by the fact that bears move to higher grounds in search of remote areas for denning (e.g., Goldstein, Poe, Suring, Nielson, & McDonald, 2010) . In the last season, abundance per transect was negatively related to forest cover in general, a direct result of including Tarnave SCI in the analysis, where nonforest habitats prevail. Overall, the lack of consistency in the variables predicting abundance across the three seasons are suggestive of brown bear as a generalist habitat species, which uses both mixed and coniferous forests for denning sites in our study area (S. Chiriac, unpublished data).
The most important source of uncertainty that affects the precision of our analysis was identifying the effective sampling area around each transect. This is a common issue in studies of unmarked animals, such as camera trapping or sign surveys, where extrapolating from abundances recorded at specific locations (camera sites or transects) to actual densities can be problematic. Here, we used the best available telemetry data for the larger Eastern Carpathian area to identify biologically meaningful effective sampling area. We added complexity to our approach by acknowledging variation in the spatial ecology of brown bears in the Eastern Carpathians during the three-one-month sampling windows. The median (±bootstrapped SE) of our 50% kernel home range estimate was 5.58 ± 1.08 km 2 and matched the track survey periods of November-December and March-April. Thus, we aimed to capture the variability in the size of the territory used during pre-and posthibernation periods when bears movement is reduced, and they are retreating to remote and undisturbed denning sites (Schoen, Beier, Lentfer, & Johnson, 1987) .
We consider that the range of core areas used here (2.7-7.3 km 2 )
captures the variation in movements during the pre-and posthibernation periods well. Moreover, our choice of using core areas (up to 50% isopleth) over the full 95% fixed kernel estimate is warranted by prior research that showed that the number of detections for carnivores is proportional to the utilization distribution (Popescu et al., 2014) . In other words, it is likely that the greatest number of sign detections per sampling occasion per transect (up to 2) occurred in core areas rather than home range periphery. Yet, the density estimates are sensitive to the size of the effective sampling area and other studies may consider using a different home range es- 
| Management and conservation implications
Reliable abundance estimates that incorporate sources of uncertainty are essential to sound wildlife management and conservation.
Specifically, for carnivore populations subject to regulated hunting, overoptimistic estimates of abundance can result in unsustainable harvest and compromise the long-term viability of populations (Artelle et al., 2013) . Our results corroborate the findings of Popescu et al. (2016) on the unrealism of brown bear population sizes provided by wildlife managers in Romania, which could be partially driven by hunting profitability. Carnivore trophy hunting has been banned in Romania in October 2016, due to concerns regarding the quality of data used in management and because the general public perceived ongoing carnivore trophy hunting practices as socially unacceptable or unsustainable. While the length of the trophy hunting ban is yet to be determined, this situation presents a unique opportunity to reassess current monitoring practices and promote the implementation of broadly accepted genotyping methods for determining carnivore densities (Mowat & Strobeck, 2000) .
Applied broadly across many GMUs, the monitoring method described here has the potential to provide a better assessment of the population trend in the short term compared to current methods.
However, the limitations of our study (e.g., missing females with cubs when surveying during optimal ground cover conditions), and additional sources of uncertainty, such as effective sampling area, and the resulting wide confidence intervals around density estimates, make the case for our method as a temporary solution. DNA-based capture-recapture methods are currently used worldwide for evaluating brown bear densities, including in Central and Eastern Europe (Slovenia: Skrbinšek et al., 2012; Greece: Karamanlidis et al., 2015) .
Implementing such studies periodically (e.g., every 3-5 years) in Romania with an emphasis on areas with high levels of hunting (e.g., Eastern Carpathians), while they require considerable financial support, can provide the much needed benchmark against which our results, as well as official data, can be measured. A combination of the two approaches-repeated track counts and noninvasive genetic sampling-could be developed into a hybrid long-term monitoring protocol (e.g., track-based monitoring in between the years with genetic monitoring), as combining data types into single analysis frameworks provides improved inference on wildlife populations (Sollmann et al., 2013) . Lastly, as most of the uncertainty affecting the precision of density estimates is due to uncertainties in the effective sampling area, it is recommended to increase resources for GPS collars and provide better coordination of GPS tracking efforts with field surveys (Furnas et al., 2017 ). An additional benefit of GPS collar data is that they could be combined with DNA data to improve the precision of spatial capture-recapture designs (Royle, Chandler, Sollmann, & Gardner, 2014) , although implementing such designs at regional scale may exceed the financial possibilities of management agencies in developing countries.
| CONCLUSIONS
Our study provides a first statistical estimate of brown bear density in the Romanian Carpathians based on tracking data, a traditional monitoring method used in Romanian wildlife management. These results are particularly important because they provide managers with more objective population parameters based on the data they have at hand, which could enable Romanian wildlife authorities to take informed and biologically meaningful management decision in the future. However, the multiple sources of uncertainty that have to be incorporated in the approach described here (from counting tracks to accounting for imperfect detection and determining home range sizes) highlight the need for reassessing the current monitoring practices and implementing modern and more robust monitoring methods, such as DNA-based capture-recapture supported by GPS collars for estimating effective sampling area of any survey method.
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